
J Robot Auto Res, 2025 Volume 6 | Issue 3 | 1

Survey Trends and Taxonomy Distribution in Large Language Models
Research Article

Bhargavi Rao Bondada*
*Corresponding Author
Bhargavi Rao Bondada, Department of Computer Science Boise State University, 
United States.

Submitted: 2025, May 28; Accepted: 2025, Jun 18; Published: 2025, Jun 27

Citation: Bondada, B. V. (2025). Survey Trends and Taxonomy Distribution in Large Language Models. J Robot Auto Res, 
6(3), 01-03.

Abstract
In this project, we analyze trends in survey papers on Large Language Models (LLMs) and explore the distribution of proposed 
taxonomy categories. We use Python code to process the data, perform trend analysis over time, and examine the frequency of 
taxonomy categories. Additionally, we build a feature matrix to combine various features of the data and apply preprocessing 
for future predictive tasks.

Department of Computer Science Boise State University, 
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1. Introduction
AI techniques have been widely applied to various domains, 
such as images texts, and graphs [1-6]. As a critical subset of 
AI techniques, Large Language Models (LLMs) have gained 
significant attention in recent years [7-12]. Especially, more and 
more new beginners are interested in the research topics about 
LLMs. To learn the recent progress in this field, new beginners 
commonly will read survey papers about LLMs. Therefore, to 
facilitate their learning, numerous survey papers on LLMs have 
been published in the last two years. 

However, a large amount of these survey papers can be 
overwhelming, making it challenging for new beginners to read 
them efficiently. To embrace this challenge, in this project, we 
aim to explore and analyze the metadata of LLMs survey papers, 
providing insights to enhance their accessibility and understanding 
[13]. Specifically, we aim to analyze survey papers on Large 
Language Models (LLMs) by examining trends over time and 
categorizing them based on a proposed taxonomy. The project 
involves processing the survey data, visualizing trends in survey 
publications, and understanding the distribution of different 
taxonomy categories. Additionally, we plan to build a feature 
matrix combining textual data and categorical information to 
prepare for potential machine learning tasks. This will provide a 
comprehensive overview of LLM surveys and help in organizing 
the research space more effectively.

Overall, our contributions can be summarized as follows:
•	 We conducted a trend analysis on survey papers related to 

LLMs, visualizing the publication frequency over time.
•	 We explored the distribution of taxonomy categories assigned 

to the survey papers, identifying the most frequent categories.

•	 We constructed a feature matrix that combines textual data 
(titles and summaries) and categorical data (taxonomy 
categories), which can be used for future machine learning 
tasks like classification or clustering.

•	 We applied data preprocessing steps such as normalization 
and label encoding to prepare the data for analysis.

1.1 Related Work
In recent years, Large Language Models (LLMs) have garnered 
significant attention due to their impressive performance in a 
variety of natural language processing tasks. Surveys on LLMs 
have explored different aspects of their development, applications, 
and limitations. For instance, introduced GPT-3, one of the 
largest language models, demonstrating the potential of scaling 
model parameters to improve performance across a wide range 
of tasks. Devlin proposed BERT, a transformer-based model that 
revolutionized contextual understanding by using bidirectional 
training of transformer architectures [4,8].

Other surveys have focused on the ethical implications and 
challenges of deploying LLMs in real-world applications. Bender 
highlighted the risks associated with large language models, such 
as bias, misinformation, and environmental concerns due to the 
significant computational resources required for training these 
models. Similarly, Weidinger provided a taxonomy of potential 
harms that could arise from LLMs and suggested mitigation 
strategies to address them [14,15].

The abundance of research on LLMs reflects the growing interest 
in understanding both the technical and societal implications of 
these models. However, with the continuous surge in published 
surveys, it becomes increasingly challenging for newcomers 
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to efficiently navigate and absorb the literature. Our work aims 
to address this gap by analyzing survey metadata and providing 
insights into the trends and distributions of LLM-related research.

2. Methodology
2.1 Data Exploration
We began by exploring the dataset, which contains metadata of 
various LLM survey papers. The data includes the release dates, 

titles, summaries, and taxonomy categories for each paper.

2.2 Trend Analysis
We grouped the survey papers by release date to observe trends 
over time. The papers were grouped by year and month using 
pandas’ ‘groupby‘ function. The trends were then visualized 
using a line plot, showing fluctuations in the number of surveys 
published each month (Figure 1).

The mean number of surveys published per month was found to be 9.6.

Figure 1: Survey Trends Over Time

2.3 Data Manipulation
Before performing any analysis, we had to preprocess the dataset 
to ensure the data was in a suitable format for our tasks. The raw 
dataset included survey metadata such as titles, summaries, release 
dates, and taxonomy categories. However, this data required 
manipulation and transformation for further analysis.

First, the "Release Date" column was initially formatted as strings 
(e.g., "7-Mar-23"), which had to be converted into a proper 
datetime format using the pd.to_datetime() function. This step 
was crucial for grouping the data by months and years to analyze 
survey trends over time. By applying groupby() we were able to 
count the number of surveys published each month, allowing us to 
plot survey trends as shown in Figure 1.

Next, the "Taxonomy" column, which represents the categories 
assigned to each survey, was processed by counting the occurrences 
of each category using value_counts(). This enabled us to visualize 
the distribution of survey categories, revealing which fields were 
most commonly addressed by the surveys, as seen in Figure 2.

Additionally, for our machine learning tasks, it was necessary to 
convert text data into a numerical format. We applied the Term 
Frequency-Inverse Document Frequency (TF-IDF) technique to 
both the "Title" and "Summary" columns. This method allowed 
us to transform the textual content into a numerical matrix, 
where each element represents the importance of a word in a 
document relative to the rest of the dataset. Finally, the categorical 
"Categories" column was transformed using one-hot encoding. 
This process created a binary vector for each category, ensuring 
the categorical data could be integrated with the numerical features 
for machine learning purposes.

2.4 Data Evaluation
The dataset was analyzed by applying feature engineering 
techniques to extract useful insights from both textual and 
categorical data. Specifically, Term Frequency-Inverse 
Document Frequency (TFIDF) was applied to the "Title" and 
"Summary" columns, transforming the textual data into numerical 
representations. Additionally, one-hot encoding was used for the 
"Categories" column to facilitate its integration into the feature 
matrix. After preprocessing the data, the feature matrix was split 
into training and testing sets. Logistic regression was applied to 
classify the data, and the model was evaluated based on accuracy 
and other performance metrics. The overall accuracy achieved on 
the test set was 44.83%.

To further analyze the model’s performance, precision, recall, 
and F1-scores were evaluated across different classes using a 
classification report. The results indicate that some categories 
performed better than others. For example, category "7" showed 
strong recall and F1-scores, while others (e.g., categories "0", 
"4", "10") had poor performance, highlighting the imbalance or 
complexity in categorizing certain groups. A confusion matrix was 
also generated to show how well the model distinguished between 
different classes. However, the matrix revealed misclassifications 
in multiple categories, suggesting the need for either more data or 
a more sophisticated model for better performance.

3. Results and Analysis
The distribution of the proposed taxonomy is visualized in Figure 
2. The bar graph shows the relative frequency of each category 
within the taxonomy.
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Figure 2: Distribution of Proposed Taxonomy

4. Conclusion
This project analyzed trends in survey papers on Large Language 
Models (LLMs) and explored the distribution of taxonomy 
categories. A comprehensive feature matrix was constructed by 
combining textual and categorical data. The logistic regression 
model achieved an accuracy of 44.83%, with better precision, recall, 
and F1-scores for some categories. Despite the model’s moderate 
performance, several categories exhibited poor classification, 
likely due to class imbalances or insufficient data representation. 
Future work could involve trying more advanced models such 
as Support Vector Machines or Random Forests, and employing 
oversampling techniques to balance the dataset. Overall, the results 
provided useful insights into the trends and distribution of survey 
papers, with potential future directions involving the refinement of 
predictive models to enhance classification performance. 
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